Abstract-Establishing spatial correspondence between features visible in X-ray mammograms obtained at different times has great potential to aid assessment and quantitation of change in the breast indicative of malignancy. The literature contains numerous nonrigid registration algorithms developed for this purpose, but existing approaches are flawed by the assumption of inappropriate 2-D transformation models and quantitative estimation of registration accuracy is limited. In this paper, we describe a novel validation method which simulates plausible mammographic compressions of the breast using a magnetic resonance imaging (MRI) derived finite element model. By projecting the resulting known 3-D displacements into 2-D and generating pseudo-mammograms from these same compressed magnetic resonance (MR) volumes, we can generate convincing images with known 2-D displacements with which to validate a registration algorithm. We illustrate this approach by computing the accuracy for two conventional nonrigid 2-D registration algorithms applied to mammographic test images generated from three patient MR datasets. We show that the accuracy of these algorithms is close to the best achievable using a 2-D one-to-one correspondence model but that new algorithms incorporating more representative transformation models are required to achieve sufficiently accurate registrations for this application.
I
N order to determine the presence or classification of breast cancer from X-ray mammograms, radiologists routinely compare images. This comparison may be made with mammograms obtained on a previous occasion, with alternate views of the same breast obtained during the same screening visit, or with the same view of the other breast as a means of determining any asymmetry that might be present. Clearly this comparison helps to confirm or refute the radiologist's appraisal of the disease and may enable an assessment of change and hence disease progression to be made. The comparison is complicated however, by the projective nature of X-ray mammography, differences in the degree of the applied compression and the extent to which the breast may have "rolled" prior to this compression being applied. These factors may limit the accuracy with which corresponding regions of the breast can be identified, generate differences between mammograms which are falsely identified as malignant or obscure real changes in the breast tissue.
Accurate image registration increases the specificity of lesion detection algorithms [8] , [15] , [20] , [43] , [51] and has the potential to enable subtle breast density changes to be detected. The latter may offer insights into the early development of breast cancer given existing evidence that breast density is a risk factor for breast cancer [4] .
There have been many methods proposed for registering X-ray mammograms: feature based approaches [13] , [18] , [19] ; intensity based algorithms [24] , [27] ; and methods combining aspects of both [50] . However, they are all fundamentally flawed as they fail to take into account the complex 3-D displacements of anatomy that contribute to the changes seen on the conventional X-ray projection of the compressed breast. In other words, the derived transformations can all be expressed as a single displacement vector at each point in the target image resulting in a one-to-one correspondence between points in the registered images. This is erroneous because mammogram correspondence is actually one-to-many, with a single point in one mammogram corresponding to a locus of points in the other mammogram [11] .
Quantitative validation, when performed, is most commonly limited to the error associated with matching particular lesions identified by a clinician [6] , [18] , [44] , [45] . This approach is restricted to the region of the lesion, is dependent upon the visibility of the lesion in each view and assumes the very knowledge that the imaging is aiming to elicit. Kumar et al. [13] calculate the proportion of feature points correctly matched but apply unrepresentative known 2-D transformations. Finally, the performance of a given algorithm is frequently only assessed visually [24] , [26] , [50] .
We propose a new validation method which uses 3-D displacements obtained from computational bio-mechanical models of the breast. Our method creates plausible mammographic compressions of the breast using a magnetic resonance imaging (MRI) derived finite element (FE) model. Images representing processed X-ray "pseudo-mammograms" are generated by projecting these FE deformed magnetic resonance 0278-0062/$25.00 © 2007 IEEE (MR) volumes, producing test image pairs with known 2-D displacements with which to perform a registration validation. Note that by moving from 3-D to 2-D the displacement field in the projection images consists of multiple 2-D displacements defined at each pixel which are retained and used to compute the registration error.
To illustrate this approach, we compute the accuracy of nonrigid registrations of 2-D mammographic test images generated from three patient MR datasets. We evaluate and compare the performance of two registration algorithms that have previously proved accurate in 3-D MR breast registrations [5] , [41] . Although it is well known that these algorithms cannot accurately represent a 3-D deformation projected into 2-D, this has not prevented many authors reporting the use of such algorithms in the literature [13] , [18] , [19] , [24] , [27] , [50] . Therefore, as a prelude to future studies, we have evaluated these existing methods. We stress that the purpose of this empirical evaluation is to illustrate our novel validation technique and convince the reader that meaningful figures can be obtained. Presenting the results alongside figures for the initial misregistration and the upper bound achievable for a one-to-one 2-D transformation, indicates the insights that could be achieved were a more extensive validation to be performed.
We intend to use this validation method to aid development of new registration algorithms which recover the true spatial correspondence between the images.
II. CONVENTIONAL REGISTRATION ERROR CALCULATION
Before describing the components of our registration validation method, we consider the conventional means of estimating the registration error at a point , for a one-to-one 2-D nonrigid registration.
Typically this would involve calculating the distance, , between corresponding points and in the target and source images, respectively, after application of the computed registration transformation (from target to source),
The set of corresponding points and must be known in advance or be derived independently of the evaluated registration algorithm.
If the ground truth transformation (from target to source) is known, then the registration error can be estimated at any point in the target image since
For mammogram registration, however, the ground truth transformation is a continuous 3-D deformation which, when projected, cannot be represented as a one-to-one 2-D mapping between points in the target and source images. It can, however, be represented by a one-to-many 2-D mapping and this will be described in Section III-D.
III. METHODS

A. MR Derived FE Model of Breast Compression
At the heart of our validation method is data describing the relative displacement of breast tissue caused by compression applied during routine X-ray mammography on separate occasions. This data was obtained using a 3-D FE model of the breast, constructed from segmented MR images and implemented using the FE software package ANSYS [1] .
FE methods for modelling breast deformations have previously been explored by a number of authors. Applications included predicting mechanical deformations during biopsy procedures [2] ; modelling compressions similar to X-ray mammography [21] , [32] , [52] ; registration of magnetic resonance (MR) and X-ray mammograms [29] ; validating a nonrigid registration of contrast-enhanced MR mammograms [35] ; testing reconstruction algorithms in elastography [31] , [38] , [47] ; and forward modelling for elastography [48] .
Our FE models consist of between 40 000 and 70 000 10-noded tetrahedral elements. In comparison to [2] , [21] , [29] , [32] , [52] tetrahedral elements were chosen because their flexibility enables a mesh to be generated directly from the triangulated breast surface. To improve accuracy, tetrahedrals with a quadratic shape function were employed and a relatively fine mesh was used. Badly shaped elements, that is elements exceeding an aspect ratio of 20 or an angle of 165 , were kept to a minimum by improving the mesh quality using ANSYS. This resulted in meshes that had at least 2.7 more elements than the voxel based mesh [52] and 8.7 times more elements than the surface based hexahedral meshes [2] , [21] , [29] , [32] , [52] .
Breast compression has previously been modelled as a contact problem [32] , [52] by prescribed surface displacements [2] or by employing a penalty function to prevent penetration of the breast surface into the compression plates [21] . We applied surface displacement boundary conditions, with displacements only specified in the direction perpendicular to the plates. This allows slippage along the plates to occur. Nodes adjacent to the pectoral muscle were constrained to have zero displacements as in [2] , [21] , [29] , [32] , [52] . All other nodes were allowed to move freely.
Fatty and glandular tissues were modelled as homogeneous, isotropic materials with linear elasticities of 1 kPa and 1.5 kPa, respectively, in accordance with tests reported in [33] and [42] . Skin was not modelled but its influence will be investigated in subsequent refinement of our models. Elasticity of tumorous tissue was varied between 3.6 and 10.8 kPa for different tumours, to model several instances from the population. Ex vivo measurements for tumours are generally stated as the mean values for all samples for the same class of tumour (e.g., DCIS, infiltrating ductal carcinoma, infiltrating lobular carcinoma). Note also that only the ratio of the individual elasticity moduli is of importance since only displacement boundary conditions were applied. The individual tissue types are modelled as homogeneous, which is of course a simplification. In comparison to previous studies, our FE configuration was selected based on the accuracy of linear, nonlinear, and hyperelastic models to predict the location of internal breast structures after a 20% in vivo compression for two volunteers [42] . This evaluation included models covering the wide range of reported ex vivo elastic properties [12] , [33] , [49] and modifications to them [2] , [32] . Linear models performed as well as nonlinear models for these deformations and hence were selected for this work. The three tissue types (fat, glandular, and tumorous) were segmented from the MR volumes by manual thresholding (after correction for inhomogeneities [39] ), and implausible regions resulting from this segmentation were removed in a subsequent manual processing step. A Poisson's ratio of 0.475 was chosen to allow for volume changes due to reduced blood volume as a result of the compression.
Cranio-caudal compressions for different patient visits were simulated by varying both the percentage compression, , and the angle from the cranio-caudal axis (in the coronal plane) at which this compression is applied, . Combinations of these two parameters produced FE model deformations,
, and these in turn generated multiple pairs of compression differences, and , for each patient, where each difference encapsulates the relative deformation of breast tissue that might occur between mammograms acquired on two separate occasions. Three patient data sets which varied substantially in both size and in the density of the glandular tissue present, were selected from a sample of patients from the MARIBS study [16] and also patients attending Guy's and St. Thomas' breast clinics (Fig. 1) . Patient A's data set was acquired with a 3-D gradient echo sequence on a 1.5T Philips system with ms, ms, flip angle , size 256 256 30 voxels , voxel dimensions 1.37 1.37 4.2 mm , and axial slice orientation. Patients B's and C's data sets were acquired with a 3-D gradient echo sequence on a 1.5 T Siemens system with ms, ms, flip angle , size 256 256 64 voxels , voxel dimensions 1.33 1.33 2.5 mm , and coronal slice orientation.
The resulting FE models (example compressions shown in Fig. 2 ) are approximate but deliver plausible deformations that encompass a range of displacements similar to those that would occur in clinical practice.
B. 3-D to 2-D Projection
Using a perspective ray-casting algorithm [23] , both the MR volumes and their respective displacement fields can be projected into two dimensions as follows (Fig. 3) .
The 3-D data set is placed at a particular location and orientation in 3-D space (for a given patient), relative to the virtual X-ray source position (the origin) and close to the 512 512 pixel, 0.5 0.5 mm resolution simulated detector plane. The focal length of this virtual X-ray set was fixed at a mammographically realistic 660 mm (i.e., parameters and , the ratios of the X-ray pixel sizes, and , to the focal length, equal 1320), and for the purposes of these experiments the position of the X-ray normal from source to detector, , was placed at the center of the detector plane ( mm). The equation of a ray passing through the 3-D data set from the X-ray source to a point on the 2-D detector plane is obtained by solving To reduce the computation associated with fully 3-D raytracing, we perform bilinear interpolation at intersections of ray with planes of voxels aligned along a particular axis [23] . The trajectory of the ray will cause it to traverse axial, coronal and sagittal planes of voxels in some 3-D data set, . The highest sampling of the ray's profile is obtained by sampling at planes such that the greatest number of intersections with the ray is obtained, i.e.,
The ray's profile is then given by (7) where is the value obtained from bilinearly interpolating the four voxel data values (e.g., intensity) surrounding the intersection of the ray with the th plane. This approach produces digitally reconstructed radiographs (DRRs) that are indistinguishable from those generated using fully 3-D trilinear interpolation [23] . Recent projection developments offer further reduction in processing time [3] , [30] .
C. Mammographic Test Image Generation From MR
We now describe how the 3-D to 2-D projection approach explained above enables us to generate pseudo-mammographic images from the deformed MR volumes with which to test our algorithm. These test images are intended to simulate X-ray mammograms which have been preprocessed to remove the degrading effects of X-ray scatter and variation due to the particular X-ray exposure parameters used (mAs, kVp, etc.). Such a normalisation produces images which quantify the amount of glandular tissue present and can be obtained analytically [9] , empirically by calibrating the mammography system [10] , [22] or using a physical model of image acquisition [46] .
Our test images are DRRs generated from the deformed MR volume. This is in contrast to the majority of DRR algorithms which have been used to simulate X-ray images from CT [7] , [14] , [17] , [36] , [37] and which exploit the similarities between these two modalities. However, MRI and X-ray are modalities which measure different physical tissue parameters (i.e., proton density, T1 and T2 versus X-ray attenuation) so some form of mapping from MR to X-ray (via a classification of breast anatomy) is required. We achieve this mapping using a manual segmentation (Section III-A) of the MR intensity and obtain a probability, given partial volume effects, that any intensity in the 3-D volume corresponds to glandular or tumourous breast tissue. This probability is implemented as a lookup table equal to the ratio of frequency of combined glandular and tumorous tissue to frequency of all tissue and fat, at each MR intensity, (Fig. 4 ) (8) where and are the respective histograms. Rays were cast through the MR volume from each pixel location in the DRR , as described in Section III-B. The lookup table was then used to convert the MR intensities to an estimated probability of glandular or tumorous tissue, and these values were integrated to produce the DRR intensity (9) where is the angle between the ray and the detector plane normal, and accounts for the inverse square law reduction in intensity caused by ray's which do not hit the detector at 90 (Fig. 3) .
We believe these images are sufficiently mammographic-like in appearance and behavior (with respect to changes in the compression of the breast) to provide realistic images with which to quantitatively test registration algorithms (Fig. 5) .
D. Ground Truth Registration
The 3-D relative displacement field for a given pair of compressions and , is projected into two dimensions by treating the three orthogonal displacement components as three volumes and creating ray profiles using the method described in Section III-B. Corresponding points on the three component rays are then combined to create a ray profile of 3-D displacements (10) which are then projected into 2-D using the projection matrix, where is subtracted to obtain the local displacement. This displacement is combined with the projected 3-D voxel intensities (12) using the MR volume corresponding to the first compression,
. From (11) and (12), we can generate a ground truth registration for each pixel in the source DRR, which specifies a list of intensities, , and their 2-D (i.e., projected 3-D) displacements, , at each point, , in the image (where ). This then is a one-to-many correspondence, consisting of a set of vector displacements plus scalar intensities which indicate the fraction of the "source" image intensity that is translated to a range of points in the "target" image. An example projected 3-D displacement field is shown in Fig. 5 .
Our DRR test images are by definition in correspondence with the 3-D MR and the 3-D displacement field, so we know the ground truth deformation, the 2-D one-to-many "shipment" field, between any given pair of DRRs generated in this way. In the following section, we describe how we use both these projected 3-D displacements, , and their associated intensities, , to compute a registration error which can be applied to a range of registration transformations (whether one-to-one or one-to-many).
E. Registration Error Calculation
The output of a registration algorithm can be expressed as a list of "shipments," comprising fractions of the intensity at each pixel in the source image, , to be displaced by , to continuous pixel coordinates in the target image. In general, for a conventional 2-D registration, a single displacement (in the opposite direction: from target to source), is obtained at each pixel in the target space (i.e.,
) and the mass associated with this displacement (or shipment) is equal to the interpolated pixel intensity in the source image (Section II). By considering the more general case of multiple shipments at each point in the image, we allow for registration developments which produce solutions closer to the true (projected) 3-D movement of tissue in the mammogram. For each experiment described below, we are establishing the transformation between two DRRs simulated from a pair of compressions, and (Section III-A). For each combination of and , we know the ground truth registration for each pixel in the source DRR, compression , relative to the target DRR, compression (11) and (12) . As illustrated in Fig. 6 , the registration error at each pixel is then defined as the minimum work, , required to reconcile the shipments computed by the registration algorithm, , with these ground truth shipments , i.e.,
such that
where are the Euclidean distances moved by each of the optimally reallocated intensities . Equation (13) given constraints (14), (15), (16) can be solved by applying techniques from Linear Programming such as the Simplex algorithm. To obtain the mean registration error as a normalized displacement for a pair of compressions , we simply sum over all the pixels in the source image and divide by the total mass moved (17) is the average shortest (Euclidean) 2-D distance that each unit of intensity in the source image has to be moved from its misregistered location in the transformed source image to its correct location in the target image (as defined by the applied 3-D deformation).
, therefore, represents the mean registration error, for glandular tissue, in millimeters.
F. Nonrigid Registration Test Algorithms
We illustrate our validation approach by measuring the accuracy of a pair of "off-the-shelf" nonrigid registration algorithms. The first is the "fluid" registration algorithm described by Crum et al. [5] . Briefly, this algorithm operates as follows. A local force driving the registration is computed at each voxel in the target image using the corresponding voxel in the source image as defined by the current deformation field. The Navier-Stokes equation for a compressible viscous fluid is solved for this driving force to yield instantaneous velocities at each point. These velocities are used to update the displacement field and the process is iterated. In 3-D applications, this algorithm performs well and the transformation model would appear to be appropriate to describe the 3-D deformations (though not projections of them) encountered in compressed breast tissue [5] .
The second nonrigid registration algorithm is that of Rueckert et al. [28] which was originally developed for motion compensation in 3-D contrast enhanced (CE) MR mammography.
It is based on free-form deformations (FFDs) using B-splines. Local motion is modelled by manipulating an underlying mesh of B-spline control points. Using normalized mutual information (NMI) as a similarity measure, this method was the exemplar registration method for registration validation of CE MR mammograms using FEMs [40] . Here, we use cross correlation as a similarity measure to enable better comparison with the fluid registration method, and employ a 2-D version of the B-spline optimization [34] . Fig. 7 shows the results of applying these algorithms to the source and target images displayed. Visually the registrations appear to be successful: an accurate alignment of the breast edge has been obtained and overall the target and transformed source images are visually more similar than the original target and source images. This result is typical for our set of test images. There remains some residual mismatch of the internal structure of the breast in this example, however, and in attempting to eliminate this mismatch the algorithms appear to have distorted the previously well-aligned, and static, chest wall region to the left of the image.
G. Minimum Registration Error of One-to-One 2-D Transformations
The limitations inherent in computing a one-to-one 2-D correspondence between a pair of mammograms prompt the question, "What is the minimum registration error achievable with such a transformation?."
To address this issue, we also compute the registration error associated with the mean projected ground truth displacement, so that (18) (19) This transformation represents a "best fit" one-to-one 2-D correspondence between the source and target mammograms given the known 3-D displacements.
IV. RESULTS
To illustrate our validation methodology, we have computed the registration error for the nonrigid registration algorithms described in Section III-F, when applied to a test set of 2-D mammographic images derived from MR, as described in Section III-C.
The test set of cranio-caudal image pairs was obtained for percentage compressions % % (20) and orientations
The resulting mean compressed breast thickness at 70% was 35 mm and at 50%, 58 mm, similar to the range reported in [53] and [25] . Each combination of and produced FE model deformations and these in turn generated pairs of compression differences, ( and ), for each patient. Fig. 8 shows the mean errors for performing nonrigid registrations on these test images. The fluid registration algorithm registered the images to a mean accuracy of between 1.4 and 3.7 mm, reducing the initial mean misregistrations which varied between 1.9 and 5.4 mm. Similar performance was obtained for the FFD registrations (mean accuracies of between 1.7 and 3.7 mm) using a control point spacing of 20 mm. Refinement of these registrations using finer control point spacings (10 mm and 5 mm) was not found to improve the accuracy. This is as expected given that a one-to-one 2-D transformation model can only expect to extract a very coarse global correspondence between mammograms. It will fail to model the local many-to-one relationship between the images despite increased degrees of freedom. In all cases however, the nonrigid registration algorithms reduced the initial misregistration.
Also given in Fig. 8 are the errors (from 1.2 to 2.2 mm) obtained when the mean projected 3-D ground truth displacements, (Section III-G) are used to specify a single displacement in 2-D at each point in the source image. This is an upper bound of the minimum error the standard registration methods might hope to achieve.
V. DISCUSSION
The initial mean misregistration figures of 3.7 (A), 1.9 (B), and 5.4 (C) mm are relatively small. This is because there is no rigid component to the misregistration, but is also a result of weighting the error by the mass of glandular tissue being displaced. This tissue tends to reside in the center of the breast and hence is displaced less than the breast edge when the compression is changed. This is particularly pronounced for patient B, which was a comparatively small breast with glandular tissue occupying a limited volume at its center. Weighting the error measurement by the mass of glandular tissue increases the sensitivity of the approach to misregistration within this region.
The trend exhibited by these initial misregistration figures ( , Fig. 8 ) is due to differences in the area of the breast surface which can be considered to be "in contact with the compression plates." In addition, there are differences in the perspective magnification factors used for each patient to ensure that the projected breast comfortably fills the 25.6 25.6 cm simulated detector. These two factors combine to produce larger displacements in 2-D for patient C and smaller displacements for patient B.
The nonrigid registration algorithms successfully reduced the misregistration present in each of the 120 test cases. The figures, however, indicate that a significant misregistration remains and this can also be seen in the residual differences between the target and transformed source images. Whilst producing a smaller intensity difference is not conclusive proof of good registration it does show that the combination of the number of degrees of freedom and the optimization procedure used by each algorithm is proving effective in making the images more similar.
An upper bound to the minimum error achievable for a one-to-one 2-D transformation is equal to the mean projected 3-D ground truth displacements. For patient A, both algorithms approached this minimum. For patients B and C, they reduced the difference between the initial misregistration and this minimum by around 50%. This performance is as expected for registration algorithms which compute a 2-D transformation. Continuous diffeomorphic 2-D transformations, such as those generated by the fluid registration, imply a one-to-one correspondence between points in the source and target images. Clearly this is not the case for X-ray mammograms due to the perspective projection of the variably compressed 3-D breast. Thus, the minimum error achievable using this class of transformations (approximated by the mean projected 3-D ground truth displacements), still equates to a significant residual that cannot be surpassed. In this respect, the free-form B-spline registration might be considered to have an advantage in that nondiffeomorphic "folding" of the deformation can occur. Such a discontinuity of the 2-D transformation bears little resemblance to the set of projected 3-D breast deformations, however, and so cannot be expected to improve the registration. On the contrary, it is conceivable that a simpler diffeomorphic 2-D transformation might in fact be a better approximation in this respect, helping to constrain the registration to a more accurate solution.
For physically realistic results, however, new registration algorithms are required which produce nondiffeomorphic transformations that can capture the point-locus nature of the correspondence problem (the "multiple shipments,"
, of Section III-E). We are developing such an algorithm and will be able to use the same approach described here to validate the resulting program. It is necessary to develop such an evaluation strategy if we are to judge whether or not a particular algorithm is improving spatial correspondence.
VI. CONCLUSION
This paper describes a novel validation technique for X-ray mammogram registration. Our approach uses real MR breast images from which pseudo-mammograms are generated. Choosing a variety of different breast anatomies as seen in MR ensures that population variation is represented in the resulting cohort of pseudo-mammograms. By applying known compressions at a range of orientations, we reproduce plausible deformations of the breast which might have occurred during mammography on separate occasions. Projections of these known deformations can then be used to compute the accuracy of a registration algorithm. We illustrate this approach by applying it to the results of a pair of off-the-shelf nonrigid registration algorithms that have proved accurate for 3-D breast MR registrations. These are intensity based registration algorithms but the validation methodology is equally applicable to other, including feature based, algorithms. The only requirement of candidate algorithms is that they generate a transformation which can be interpreted as a set of one-to-one or one-to-many correspondences between specific points in the images. Parametric, nonparametric and feature-based registration algorithms all produce transformations which can be expressed in this way and, therefore, compared using the validation method. Error statistics can also be computed over specific regions in the images to study the ability of the algorithms to match particular image features.
It is our intention to use this validation technique to develop new registration algorithms which will be able to distinguish 3-D movement of tissue between two X-ray mammograms from changes in the mass of glandular tissue. This will require an extension of the method (modelling and validation) to account for the change in mass of glandular tissue.
Finally, we are developing more sophisticated computational biomechanical models of the breast and will incorporate these as they are validated. We emphasize that for the purposes of this validation methodology we only need our models to deliver the range of likely displacements encountered in clinical practice. We are not attempting to predict the precise displacement that occurs in a particular procedure. Our method does not depend upon this information.
